1

Domain Kernels for Word Sense Disambiguation

Alfio Gliozzo and Claudio Giuliano and Carlo Strapparava
ITC-irst, Istituto per la Ricerca Scientifica e Tecnologica
[-38050, Trento, ITALY

{gliozzo,giuliano,strappa

Abstract

In this paper we present a supervised
Word Sense Disambiguation methodol-
ogy, that exploits kernel methods to model
sense distinctions. In particular a combi-
nation of kernel functions is adopted to
estimate independently bo#yntagmatic
anddomainsimilarity. We defined a ker-
nel function, namely the Domain Kernel,
that allowed us to plug “external knowl-
edge” into the supervised learning pro-
cess. External knowledge is acquired from
unlabeled data in a totally unsupervised
way, and it is represented by means of Do-
main Models. We evaluated our method-
ology on several lexical sample tasks in
different languages, outperforming sig-
nificantly the state-of-the-art for each of
them, while reducing the amount of la-
beled training data required for learning.

Introduction

l@itc.it

methodology is calledord experapproach (Small,
1980; Yarowsky and Florian, 2002). However this
is clearly unfeasible foall-words WSD tasks, in
which all the words of an open text should be dis-
ambiguated.

On the other hand, the word expert approach
works very well forlexical sampleNSD tasks (i.e.
tasks in which it is required to disambiguate only
those words for which enough training data is pro-
vided). As the original rationale of the lexical sam-
ple tasks was to define a clear experimental settings
to enhance the comprehension of WSD, they should
be considered aprecedingexercises to all-words
tasks. However this is not the actual case. Algo-
rithms designed for lexical sample WSD are often
based on pure supervision and hence “data hungry”.

We think that lexical sample WSD should regain
its original explorativerole and possibly use a min-
imal amount of training data, exploiting instead ex-
ternal knowledge acquired in an unsupervised way
to reach the actual state-of-the-art performance.

By the way, minimal supervision is the basis
of state-of-the-art systems for all-words tasks (e.g.

The main limitation of many supervised approachefMihalcea and Faruque, 2004; Decadt et al., 2004)),
for Natural Language Processing (NLP) is the lackhat are trained on small sense tagged corpora (e.g.
of available annotated training data. This problem i&emCor), in which few examples for a subset of the
known as the Knowledge Acquisition Bottleneck. ambiguous words in the lexicon can be found. Thus
To reach high accuracy, state-of-the-art systenigproving the performance of WSD systems with
for Word Sense Disambiguation (WSD) are defew learning examples is a fundamental step towards
signed according to a supervised learning framéhe direction of designing a WSD system that works
work, in which the disambiguation of each wordwell on real texts.
in the lexicon is performed by constructing a dif- In addition, it is a common opinion that the per-
ferent classifier. A large set of sense tagged exarfermance of state-of-the-art WSD systems is not sat-
ples is then required to train each classifier. Thisfactory from an applicative point of view yet.



To achieve these goals we identified two promis- Exploiting the properties of kernels, we have de-
ing research directions: fined independently a set of domain and syntagmatic
kernels and we combined them in order to define a
1. Modeling independently domain and syntageomplete kernel for WSD. The domain kernels esti-
matic aspects of sense distinction, to improvenate the (domain) similarity (Magnini et al., 2002)
the feature representation of sense tagged eamong contexts, while the syntagmatic kernels eval-
amples (Gliozzo et al., 2004). uate the similarity among collocations.
We will demonstrate that using DMs induced
2. Leveraging external knowledge acquired fromrom unlabeled corpora is a feasible strategy to in-
unlabeled corpora. crease the generalization capability of the WSD al-
gorithm. Our system far outperforms the state-of-
The first direction is motivated by the linguistic the-art systems in all the tasks in which it has been
assumption that syntagmatic and domain (associgssted. Moreover, a comparative analysis of the
tive) relations are both crucial to represent senggarning curves shows that the use of DMs allows
distictions, while they are basically originated byys to remarkably reduce the amount of sense-tagged
very different phenomena. Syntagmatic relationgxamp|es, opening new scenarios to develop sys-
hold among words that are typically located closgems for all-words tasks with minimal supervision.
to each other in the same sentence in a given tempo-1¢ paper is structured as follows. Section 2 in-
ral order, while domain relations hold among wordgqqyces the notion of Domain Model. In particular
that are typically used in the same semantic domalgl, atomatic acquisition technique based on Latent
(i.e. in texts having similar topics (Gliozzo et al.,semantic Analysis (LSA) is described. In Section 3
2004)). Their different nature suggests to adopt dify,q present a WSD system based on a combination
ferent learning strategies to detect them. of kernels. In particular we define a Domain Ker-
Regarding the second direction, external knowlne| (see Section 3.1) and a Syntagmatic Kernel (see
edge would be required to help WSD algorithms ta&ection 3.2), to model separately syntagmatic and
better generalize over the data available for trairqomain aspects. In Section 4 our WSD system is

ing. On the other hand, most of the state-of-the-alya|uated in the Senseval-3 English, Italian, Spanish
supervised approaches to WSD are still completelyhd Catalan lexical sample tasks.

based on “internal” information only (i.e. the only

information available to the training algorithmis theo  pomain Models

set of manually annotated examples). For exam-

ple, in the Senseval-3 evaluation exercise (Mihalfhe simplest methodology to estimate the similar-

cea and Edmonds, 2004) many lexical sample tasky among the topics of two texts is to represent

were provided, beyond the usual labeled traininthem by means of vectors in the Vector Space Model

data, with a large set of unlabeled data. Howeve(VSM), and to exploit the cosine similarity. More

at our knowledge, none of the participants exploiteébrmally, let C' = {t1,t2,...,t,} be a corpus, let

this unlabeled material. Exploring this direction isV = {wy,ws,...,w;} be its vocabulary, leT be

the main focus of this paper. In particular we acthek x n term-by-document matrix representi6g

quire a Domain Model (DM) for the lexicon (i.e. such that; ; is the frequency of word; into the text

a lexical resource representing domain associations The VSM is ak-dimensional spac&”, in which

among terms), and we exploit this information inthe textt; € C is represented by means of the vec-

side our supervised WSD algorithm. DMs can béor ¢; such that thé*” component of; is t; ;. The

automatically induced from unlabeled corpora, alsimilarity among two texts in the VSM is estimated

lowing the portability of the methodology amongby computing the cosine among them.

languages. However this approach does not deal well with
We identified kernel methods as a viable framelexical variability and ambiguity. For example the

work in which to implement the assumptions abovéwo sentenceshe is affected by AID'Snd “HIV is

(Strapparava et al., 2004). a virus’ do not have any words in common. In the



VSM their similarity is zero because they have or- whereI'™PF is ak x k diagonal matrix such that
thogonal vectors, even if the concepts they expreﬁé?F = IDF(w;), t} is represented as a row vector,
are very closely related. On the other hand, the sinend/ D F'(w;) is thelnverse Document Frequenoy
ilarity between the two sentencethé laptop has w;.

been infected byarus” and “HIV is avirus” would Vectors in the domain VSM are called Domain
turn out very high, due to the ambiguity of the wordVectors (DVs). DVs for texts are estimated by ex-
virus . ploiting the formula 1, while the D\, correspond-

To overcome this problem we introduce the notioring to the wordw; € V is thei” row of the domain
of Domain ModelDM), and we show how to use it matrix D. To be a valid domain matrix such vectors
in order to define @omain VSMn which texts and should be normalized (i,gw!, w!) = 1).
terms are represented in a uniform way. In the Domain VSM the similarity among DVs is
A DM is composed by soft clusters of terms. Eaclestimated by taking into account second order rela-
cluster represents a semantic domain, i.e. a set idns among terms. For example the similarity of the
terms that often co-occur in texts having similar toptwo sentencesHe is affected by AIDSand “HIV
ics. ADM is represented by/ax k’ rectangular ma- is a virus' is very high, because the tern#sDS,
trix D, containing the degree of association amonfllV andvirus are highly associated to the domain

terms and domains, as illustrated in Table 1. MEDICINE.
A DM can be estimated from hand made lexical
| MEDICINE _ COMPUTER SCIENCE resources such as ®DNET DoMAINS (Magnini
2:\D/S 1 8 and Cavagh, 2000), or by performing a term clus-
virus 05 05 tering process on a large corpus. We think that the
laptop 0 1 second methodology is more attractive, because it
allows us to automatically acquire DMs for different

Table 1: Example of Domain Matrix languages.

In this work we propose the use of Latent Seman-

DMs can be used to describe lexical ambiguityic Analysis (LSA) to induce DMs from corpora.
and variability. Lexical ambiguity is representedLSA is an unsupervised technique for estimating the
by associating one term to more than one domaisjmilarity among texts and terms in a corpus. LSA
while variability is represented by associating difis performed by means of a Singular Value Decom-
ferent terms to the same domain. For example thgosition (SVD) of the term-by-document matfi
termvirus is associated to both the domaim@-  describing the corpus. The SVD algorithm can be
PUTER SCIENCEand the domain MDICINE (ambi- exploited to acquire a domain matdiX from a large
guity) while the domain MDICINE is associated to corpusC' in a totally unsupervised way. SVD de-
both the term#\IDS andHIV (variability). composes the term-by-document maffixnto three

More formally, letD = {D1, Ds, ..., Dy} be a matrixesT ~ VX, UT whereXy is the diagonal
set of domains, such that < k. A DM is fully & x k matrix containing the highedt < k eigen-
defined by & x &’ domain matrixD representing in values of T, and all the remaining elements set to
each celld; , thedomain relevancef termw, with 0. The parametet’ is the dimensionality of the Do-
respect to the domaif?,. The domain matriD is main VSM and can be fixed in advarfc&nder this
used to define a functio® : R¥ — R, that maps Setting we define the domain matidy.sa as
the vectors} expressed into the classical VSM, into

7 N
the vectors’; in the domain VSMD is defined by Drsa =17V Xy (2)
whereIN is a diagonal matrix such thafl =

D(t;) = t;(TPFD) = t? (1) L__ u/ is thei'™ row of the matrixV /3.3

v wlay’

'In (Wong et al., 1985) the formula 1 is used to define a 2t is not clear how to choose the right dimensionality. In
Generalized Vector Space Model, of which the Domain VSM isur experiments we used 50 dimensions.

a particular instance. 3WhenDysa is substituted in Equation 1 the Domain VSM



3 Kernel Methods for WSD the Part of Speech kernek(p,s) (see Section 3.2).
, -

In the introduction we discussed two promising di) e WSD kemelskyy, g, and Ky sp) are then de
. . . fined by combining them (see Section 3.3).
rections for improving the performance of a super-

vised disambiguation system. In this section wg.1 Domain Kernels

show how t_hese requirements can be eﬁiciehtly i”]'n (Magnini et al., 2002), it has been claimed that
plemented in a natural and elegant way by using kefi'nowing the domain of the text in which the word

nel methoqls: ] ) is located is a crucial information for WSD. For
The basic idea behind kernel methods is to embeeg(ample the (domain) polysemy among theng
the data into a suitable feature spa€evia @ map- ;1 Science and the MEDICINE senses of the

ping functiong : X — 7, and then use alinear al-\ 4 yirys  can be solved by simply considering
gorithm for discovering nonlinear patterns. Insteaghe domain of the context in which it is located

of using the explicit mapping, we can use a kernel This assumption can be modeled by defining a

functlonK : X x & — R, that corrt_asppnqls 10 the | e that estimates the domain similarity among
inner product in a_feature space which is, in genergl, . ontexts of the words to be disambiguated,
different from the input space. . namely theDomain Kernel The Domain Kernel es-
Kernel methods aIIow_us to build a m_odular SYStimates the similarity among the topics (domains) of
tem, as the kernel function act_s as an |_nterface bﬁ/'vo texts, so to capture domain aspects of sense dis-
tween the data'and the learning algorlthm._ Thuﬁnction. It is a variation of the Latent Semantic Ker-
th? kernel function becomes t.he only domaln SP&iel (Shawe-Taylor and Cristianini, 2004), in which a
cific module of the system, while the leaming algo, (see Section 2) is exploited to define an explicit
rithm is a general purpose component. Potentiall appingD : RF — R¥ from the classical VSM into

any kernel function can work with any kernel-basegy, o bomain VSM. The Domain Kernel is defined by
algorithm. In our system we use Support Vector Ma-

chines (Cristianini and Shawe-Taylor, 2000).

Exploiting the properties of the kernel func- y .y _ (D(t;), D(t;)) @)
tions, it is possible to define the kernel combination T V(D(t;), D(t;))(D(t;), D(t;))
schema as

whereD is the Domain Mapping defined in equa-
tion 1. Thus the Domain Kernel requires a Domain
n Ki(w4,25) Matrix D. For our experiments we acquire the ma-
Ke(wi, xj) = Z VEi(z;,1; . ) trix Dysa, described in equation 2, from a generic
=1 1z, 25) Ky (i, i) ; . )
collection of unlabeled documents, as explained in
Our WSD system is then defined as combinatioffection 2.
of n basic kernels. Each kernel adds some addi- A more traditional approach to detect topic (do-
tional dimensions to the feature space. In particulafain) similarity is to extract Bag-of-Words (BoW)
we have defined two families of kernel®omain features from a large window of text around the
and Syntagmatidernels. The former is composedword to be disambiguated. The BoW kernel, de-
by both the Domain KernelK ) and the Bag-of- hoted byKg., is a particular case of the Domain
Words kernel & s,w), that captures domain aspectd<ernel, in whichD = 1, andI is the identity ma-
(see Section 3.1). The latter captures the syntafjix. The Bow kernel does not require a DM, then it
matic aspects of sense distinction and it is composé@n be applied to the “strictly” supervised settings,

by two kernels: the collocation kernek¢.;) and in which an external knowledge source is not pro-
ided.

_— Vi
is equivalent to a Latent Semantic Space (Deerwester et al.,
1990). The only difference in our formulation is that the vector :

representing the terms in the Domain VSM are normalized b?'z Syntagmatic kernels

the matrixI *, and then rescaled, according to their IDF valueKernel functions are not restricted to operate on vec-

by matrixI"PF. Note the analogy with thi idf term weighting torial obiectsi € RF. | inciole k | b
schema (Salton and McGill, 1983), widely adopted in InformalOrial Objectsz - In principle kernels can be

tion Retrieval. defined for any kind of object representation, as for



example sequences and trees. As stated in Section 1The definition of the gap-weighted subsequence
syntagmatic relations hold among words collocatellernel, provided by equation 6, depends on the pa-
in a particular temporal order, thus they can be modametern, that represents the length of the sub-
eled by analyzing sequences of words. sequences analyzed when estimating the similarity

We identified the string kernel (or word se-among sequences. For exampi&, , allows us to
guence kernel) (Shawe-Taylor and Cristianini, 2004epresent the bigrams around the word to be disam-
as a valid instrument to model our assumptionsiguated in a more flexible way (i.e. bigrams can be
The string kernel counts how many times a (nonsparse). In WSD, typical features are bigrams and
contiguous) subsequence of symbalsof length trigrams of lemmata and PoSs around the word to
n occurs in the input string, and penalizes non- be disambiguated, then we defined the Collocation
contiguous occurrences according to the number #ernel and the PoS Kernel respectively by equations
gaps they contain (gap-weighted subsequence kérand §.
nel).

Formally, let V' be the vocabulary, the feature
space associated with the gap-weighted subsequence

p
Keou(si,s5) = Ke(si s)) (7)
kernel of lengthn is indexed by a sef of subse- =

p
guences oveV of lengthn. The (explicit) mapping N ! o
function is defined by Kpos(si, s5) = ; Kpos (i, 55) (8)
P (s) = Z /\l(i),u cyn (5) 3.3 WSD kernels
tu=s(i) In order to show the impact of using Domain Models

whereu = s(i) is a subsequence ofin the posi- in the supervised learning process, we defined two
tions given by the tuplé, i(i) is the length spanned WSD kernels, by applying the kernel combination

by u, and €]0, 1] is the decay factor used to pena|_schema described by equation 3. Thus the following
ize non-contiguous subsequences. WSD kernels are fully specified by the list of the

The associate gap-weighted subsequence kernekR/M€ls that compose them.
defined by Kwsa composed bYK o, Kpos and K gow

() = 750,67 (5,) = 3 6" (0067 () (6)  Fwsd COMPOSEA DYCott, Kpos, Ko andKp
uevr The only difference between the two systems is
- _ I . thatK] _, uses Domain Kernek'p. K/ _, exploits
We modlfled the generic definition of the stringg, ternal knowledge, in contrast 6,4, whose only
kerpel n order to make it able to recognize _COHO'avaiIabIe information is the labeled training data.
cations in a local window of the word to be disam-
biguated. In particular we defined two Syntagmatig Evaluation and Discussion

kernels: then-gram Collocation Kernel and the- In thi i t th ¢ f
gram PoS Kernel. Then-gram Collocation ker- n this section we present the performance ot our

nel K., is defined as a gap-weighted Subsequené(grneI-based algorithms for WSD. The objectives of
o] H -
kernel applied to sequences of lemmata around tﬁ@ese experniments are:

word [y to be disambiguated (i.é.3, [_2, [_1, lo, e to study the combination of different kernels,
l41, ly2, ly3). This formulation allows us to esti- ] ]

mate the number of common (sparse) subsequences © understand the benefits of plugging external
of lemmata (i.e. collocations) between two exam-  Information using domain models,

ples, in order to capture syntagmatic similarity. In o to verify the portability of our methodology
analogy we defined the PoS kel‘[}éﬁos, by Setting among different |anguages_

s to the sequence of P0$s s, p_2, p_1, po, R
4 $S3, P2, P-1, P0, P41 “The parameters and\ are optimized by cross-validation.

P+25 P43, wherep is the PoS of the word to be dis- 11,6 pest results are obtained setting: 2, A = 0.5 for Kcou
ambiguated. and\ — 0 for Kp,s.



4.1 WSD tasks Finally, the performance ok’ _, are higher than

We conducted the experiments on four lexical sanf® uman agreement for the English and Spanish
ple tasks (English, Catalan, Italian and Spanisﬁ?Ské' _ . _
of the Senseval-3 competition (Mihalcea and Ed- NOte that, in order to guarantee an uniform appli-
monds, 2004). Table 2 describes the tasks by r&@lion to any language, we do not use any syntactic
porting the number of words to be disambiguatednformation provided by a parser.

the mean polysemy, and the dimension of trainingy 4 Learning Curves

test and unlabeled corpora. Note that the organiz- . .
ers of the English task did not provide any unlabeleﬁzl-he Figures 1,’ 2,3 and 4 show the 'eaT”'”g curves
material. So for English we used a domain modeer\valuated OMy5q ANA Kossq for all the lexical sam-
built from a portion of BNC corpus, while for Span- ple tasks. . - ;s

ish, Italian and Catalan we acquired DMs from the The learning curves indicate thaf,,,, is far su-

unlabeled corpora made available by the organizer@?”or 10 Kusq for all f[he tasks, even W'Fh. few ex
amples. The result is extremely promising, for it

‘ #w pol #tain #test #unlab demonstrates that DMs allow to drastically reduce
Catalan | 27 311 4469 2253 23935 the amount of sense tagged data required for learn-
English | 57 6.47 7860 3944 ) ing. It is worth noting, as reported in Table 5, that

ltalian | 45 6.30 5145 2439 74788 Kl')wsdtfhl:‘e"fe;thf Same getrformamdm“ using
Spanish| 46 3.30 8430 4195 61252 abouthaltorthetraining data.

| % of training

Table 2: Dataset descriptions

English 54
Catalan 46
4.2 Kernel Combination Itallaq 51
Spanish 50

In this section we present an experiment to em-
pirically study the kernel combination. The basicTable 5: Percentage of sense tagged examples re-
kernels (i.e.Kpow, Kp, Kcou and Kpos) have quired byK’ _, to achieve the same performance of
been compared to the combined ones {Kg.; and [, with full training.
K! ..) on the English lexical sample task.

The results are reported in Table 3. The results
show that combining kernels significantly improve$s  Conclusion and Future Works

the performance of the system. In this paper we presented a supervised algorithm

[ Ko Koow Kros Koon | Kuwed  Khea for WSD, based on a combination of kernel func-
FL | 655 63.7 62.0 66.7] 69.7 733 tions. In particular we modeled domain and syn-
tagmatic aspects of sense distinctions by defining
Table 3: The performance (F1) of each basic kefespectively domain and syntagmatic kernels. The
nel and their combination for English lexical sampleDomain kernel exploits Domain Models, acquired
task. from “external” untagged corpora, to estimate the
similarity among the contexts of the words to be dis-
ambiguated. The syntagmatic kernels evaluate the
similarity between collocations.

We evaluated the performancelsf,, ; and K ,,sq on We evaluated our algorithm on several Senseval-
the lexical sample tasks described above. The resuBslexical sample tasks (i.e. English, Spanish, Ital-
are showed in Table 4 and indicate that using DMi&n and Catalan) significantly improving the state-ot-
allowed K _, to significantly outperforni,q. the-art for all of them. In addition, the performance

In addition'Kq,usd turns out the best systems formar if the inter-annotator-agreement can be con-

all the tested Senseval-3 tasks. siderated the upper bound for a WSD system.

4.3 Portability and Performance



| MF  Agreement BEST K.« K., DM+

English | 55.2 67.3 729 69.7 73.3 3.6
Catalan | 66.3 93.1 852 852 89.0 38
Italian 18.0 89.0 53.1 531 61.3 8.2
Spanish | 67.7 85.3 842 842 882 4.0

Table 4. Comparative evaluation on the lexical sample tasks. Columns repoko#td-requenbaseline,
the inter annotator agreementhe F1 of the best system at Senseval-3, Bleof K4, the F1 of quvsd,
DM+ (the improvement due to DM, i.€5/,_, — Kysa)-

0.75 T T T T 0.65
0.6
0.7 +
0.55
0.65 | 05
L oL 045
0.6 0.4
0.35 |
0.55 .
*: K&vsd_._ 03 |
Kwsd"“x““
05 L L L L 025 L L L L
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Percentage of training set Percentage of training set

Figure 1: Learning curves for English lexical sampld-igure 3: Learning curves for Italian lexical sample

task. task.
0.9 T T T T 0.9
0.85
0.85
0.8
0.8 r
o L 075
0.75 |
0.7
L ,"/ x"'
07 ¢ 0.65
Kivsd — Kivsd ——
Kwsg=-=-x-== Kwsd---x---
065 1 1 1 L 06 L L L L
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
Percentage of training set Percentage of training set

Figure 2: Learning curves for Catalan lexical sampl&igure 4: Learning curves for Spanish lexical sam-
task. ple task.

of our system outperforms the inter annotator agreénside a supervised framework is a viable method-
ment in both English and Spanish, achieving the uglogy to reduce the amount of training data required
per bound performance. for learning. In our approach the external knowledge

We demonstrated that using external knowledgis represented by means of Domain Models automat-



ically acquired from corpora in a totally unsuper-B. Magnini, C. Strapparava, G. Pezzulo, and A. Gliozzo.
vised way. Experimental results show that the use 2002.  The role of domain information in word

of Domain Models allows us to reduce the amount ?ensse4di§";g1b3i97'%ati°”Nat”ral Language Engineer-
. ) : ) . ing, :359-373.

of training data, opening an interesting research di- 9.8(4)

rection for all those NLP tasks for which the Knowl-R. Mihalcea and P. Edmonds, editors. 20P4oceedings

edge Acquisition Bottleneck is a crucial problem. In ©f SENSEVAL;3Barcelona, Spain, July.

particular we plan to apply the same methodology tR. Mihalcea and E. Faruque. 2004. Senselearner: Min-
Text Categorization, by exploiting the Domain Ker- imally supervised WSD for all words in open text. In

nel to estimate the similarity among texts. In thisim- Proceedings of SENSEVALBarcelona, Spain, July.

pleme.ntation, our WSD system does not exploit syns  sajton and M.H. McGill. 1983Introduction to mod-
tactic information produced by a parser. For the fu- ern information retrieval McGraw-Hill, New York.

ture we plan to integrate such information by adding
a tree kernel (i.e. a kernel function that evaluates the
similarity among parse trees) to the kernel combi-
nation schema presented in this paper. Last but n8t Small. 1980 Word Expert Parsing: A Theory of Dis-

: tributed Word-based Natural Language Understand-
least, we are going to apply our approach to develop ing. Ph.D. Thesis, Department of Computer Science,

supervised systems for all-words tasks, where the University of Maryland.

guantity of data available to train each word expert

classifier is very low. C. Strapparava, A. Gliozzo, and C. G_iuliano. 2004. Pat-
tern abstraction and term similarity for word sense
disambiguation: Irst at senseval-3. Proc. of
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